Assessment of Chimpanzee Nests Detectability on Drone-Acquired Images by Bonnin, N et al.
  
Drones 2018, 2, x; doi: FOR PEER REVIEW www.mdpi.com/journal/drones 
Article 1 
Assessment of Chimpanzee Nests Detectability on 2 
Drone-Acquired Images 3 
Noémie Bonnin1,*, Alexander C. Van Andel2, Jeffrey T. Kerby3, Alex K. Piel1, Lilian Pintea4,  4 
Serge A. Wich1,5 5 
1 School of Natural Sciences and Psychology, Liverpool John Moores University, UK; S.A.Wich@ljmu.ac.uk  6 
2 IUCN National Committee of The Netherlands, Amsterdam, the Netherlands; sander.vanandel@iucn.nl 7 
3 Neukom Institute for Computational Science, Dartmouth College, Hanover, New Hampshire, USA; 8 
jeffrey.t.kerby@dartmouth.edu 9 
4 Conservation Science Department, the Jane Goodall Institute, Vienna, VA 22182, USA; 10 
lpintea@janegoodall.org 11 
5 Institute for Biodiversity and Ecosystem Dynamics, University of Amsterdam, Science Park 904, 1098 XH 12 
Amsterdam, The Netherlands; S.A.Wich@uva.nl 13 
* Correspondence: N.Bonnin@2016.ljmu.ac.uk; Tel.: +44-7903-251803 14 
Received: date; Accepted: date; Published: date 15 
Abstract: As with other species of great apes, chimpanzee numbers have declined during the past 16 
decades. Proper conservation of the remaining chimpanzees requires accurate and frequent data on 17 
their distribution and density. In Tanzania, 75% of the chimpanzees live at low densities on land 18 
outside national parks and little is known about their distribution, density, behavior or ecology. 19 
Given the sheer scale of chimpanzee distribution across western Tanzania (>20,000 km2), we need 20 
new methods that are time and cost efficient while providing precise and accurate data across broad 21 
spatial scales. Scientists have recently demonstrated the usefulness of drones to detect wildlife, 22 
including apes. Whilst direct observation of chimpanzees is unlikely given their elusiveness, we 23 
investigated the potential of drones to detect chimpanzee nests in the Issa valley, western Tanzania. 24 
Between 2015 and 2016, we tested and compared the capabilities of two fixed-wing drones. We 25 
surveyed twenty-two plots (50x500m) in gallery forests and miombo woodlands to compare nest 26 
observations from the ground with those from the air. We performed mixed-effects logistic 27 
regression models to evaluate the impact of image resolution, seasonality, vegetation type, nest 28 
height and color on nest detectability. An average of 10% of the nests spotted from the ground were 29 
detected from the air. From the factors tested, only image resolution significantly influenced nest 30 
detectability on drone-acquired images. We discuss the potential, but also the limitations of this 31 
technology for determining chimpanzee distribution and density and provide guidance for future 32 
investigation on the use of drones for ape population surveys. Combining traditional and novel 33 
technological methods of surveying allows more accurate collection on animal distribution and 34 
habitat connectivity that has important implications for apes conservation in an increasingly 35 
anthropogenically disturbed landscape. 36 
Keywords: UAV, great apes, conservation, survey, Tanzania, image resolution.  37 
 38 
1. Introduction 39 
As with other great ape species, chimpanzee numbers have declined during the past decades 40 
and the species is currently threatened by extinction [1]. Several studies have documented the impact 41 
of habitat loss [2–4], poaching [5–7] and infectious disease [8,9] on wild populations. In Tanzania, 42 
75% of wild chimpanzees are found within a 20,000 km2 area outside of national parks [10–15]. 43 
Monitoring these chimpanzees is therefore crucial for their conservation in Tanzania. For 44 
conservation management, it is important to establish where and how many individuals remain and 45 
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to understand the potential connectivity between populations. These data represent key information 46 
that are used towards creating baseline estimate for assessing the effectiveness of conservation efforts 47 
over time [16,17]. 48 
There are several established methods for studying and monitoring wild animal populations. 49 
Line transect surveys are widely used to estimate population density for a variety of mammal species, 50 
including great apes [18–21]. Data from direct observations of animals or indirect evidence such as 51 
dung [10], nests [22,23] and calls [24] can be converted into density and subsequently population 52 
estimates across larger landscapes [25]. Indirect evidence is especially important in great ape surveys 53 
given the elusive nature of the species and their extensive range and distribution[26].  54 
Traditional land-based transects are time-consuming and expensive, and for these reasons 55 
geographically wide surveys are not repeated frequently [26]. Aerial surveys with light aircraft  can 56 
be effective across broad areas for counting large mammals [27,28], but havelimitations. While such 57 
surveys may provide an unbiased population size estimate for large mammals found in open areas 58 
(e.g. elephants, buffalos, zebras), they are unlikely to provide accurate estimates for smaller species 59 
(e.g. black-backed jackal, bushbuck, vervet monkey) [29] or those that live in habitats with greater 60 
canopy cover. Furthermore, aircraft surveys are logistically difficult to implement due to their very 61 
high cost and the risk they pose to operators (i.e. aircraft crashes) [30]. Due to their increasing 62 
availability, high resolution satellite images have also been used to detect animals or their signs [31]. 63 
Although promising, this method is also unlikely to provide accurate estimates for small species and 64 
is hampered by cost and atmospheric interference from clouds, especially problematic in tropical 65 
regions where great apes are distributed [32]. Camera-traps and acoustic sensors are other promising 66 
remote technologies that enable broad spatiotemporal and precise information on animal that are 67 
elusive and otherwise difficult to study [33,34]. Nevertheless, these methods have high initial costs 68 
and still require intensive manual labor for deployment, memory card collection and substantial 69 
expertise in subsequent data analyses. 70 
Recently, scientists have started to deploy drones –remotely operated aircraft with autonomous 71 
flight capabilities– for wildlife monitoring [35–37]. This application allows for rapid and frequent 72 
monitoring across moderate to broad spatial extents while providing high-resolution spatial data. 73 
Several studies have now reported successful animal detection using drone-derived aerial imagery, 74 
ranging from birds [36,38] to large terrestrial [39,40] and marine [41–44] mammals. Recent studies on 75 
using drone to detect indirect sign of animals have also reported promising results in detecting 76 
orangutan [45] as well as chimpanzee [46] nests. 77 
Given the extent of the area in need of monitoring, exploring drone applications for chimpanzee 78 
population surveys in Tanzania may reduce cost and time investments. Visibility bias (i.e. failure to 79 
detect all animals within a sampled area) is a primary source of error in aerial surveys [27,29,47]. 80 
Prior to widespread deployment of drones for censusing, it is important to first evaluate bias in the 81 
method (i.e. calculate a correction factor) by comparing resulting detections against traditional 82 
ground survey results. Numerous factors can impact the detectability of a direct or indirect sign of 83 
wildlife [25,48]. Thus, it is critical to determine what affect chimpanzee nest detectability in drones-84 
acquired images. In the current study, we assessed several factors known to affect target detectability 85 
on aerial images: image resolution [39,49]; canopy cover and vegetation type [29,39,46,50]; and target 86 
size and color [29,42].  87 
In summary, our objectives were to (1) evaluate drone performance for chimpanzee nest surveys 88 
by comparing ground and aerial surveys and (2) assess the factors that influence detectability from 89 
drone data. Based on results of previous studies, we hypothesized that using a higher resolution 90 
camera as well as flying at a lower altitude would increase nest detection probability. We also 91 
expected a higher detection probability during the leaf-off season and in the more open miombo-92 
woodland vegetation than the closed riverine forest. Finally, we predicted that nests higher in the 93 
canopy and with color that contrasts with their surroundings will be easier to detect. 94 
2. Materials and Methods  95 
2.1. Study site 96 
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The study was conducted in May 2015 and September 2016 (beginning and end of dry seasons, 97 
respectively) in the Issa Valley, western Tanzania (Figure 1 & 2). The area is characterized by a 98 
landscape mosaic, dominated by miombo woodland (named for the dominant tree genera of 99 
Brachystegia and Julbernardia) interspersed with grasslands, swamps and gallery forest restricted to 100 
steep ravines. Open vegetation (e.g. miombo woodland, grassland and swamps) represents more 101 
than 90% of the 85km2 study area (Piel et al., unpublished data; Figure 1). The region is one of the 102 
driest, most open and seasonally extreme habitats in which chimpanzees live [51], with annual 103 
temperature ranging from 11° to 35°C and a dry season (<100mm of rainfall) lasting from May to 104 
October. 105 
 106 
Figure 1. Location and map of the Issa Valley showing the distribution of all plots. Vegetation class 107 
layer produced by Caspian Johnson (unpublished). 108 
 109 
Figure 2. Partial orthomosaics of the study site representative of the vegetation at the beginning (May 110 
2015) and at the end (Sept 2016) of the dry season. 111 
2.2. Ground surveys 112 
To collect chimpanzee nest data from the ground for comparison with drone observations, we 113 
created 22 plots, each 50x500 m, stratified equally across gallery forest and miombo woodland (Figure 114 
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1). Within each plot, two experienced observers walked slowly and recorded the GPS location of all 115 
observed chimpanzee nests. Only one inspection per plot was performed. During the 2015 survey, 116 
data were collected using the open data kit [52] on NEXUS 7 tablets with an average accuracy of 15 117 
m. In 2016, we used the GNSS system Mobile Mapper 20 (MM20, http://www.spectraprecision.com) 118 
allowing us to collect data with a <1 m accuracy. For each nest, we collected additional data, including 119 
nest height from ground (estimated to the nearest meter), vegetation type (open or closed) and the 120 
nest color (green or brown). 121 
2.3. Aerial surveys 122 
For aerial surveys, we used two drone models paired with two different cameras (Figure 3).  123 
Pairing A: The ConservationDrones.org X5 (Skywalker X5 frame; hobbyking.com [similar to HBS 124 
FX61]) equipped with a GPS enabled Canon S100 camera (resolution: 4000 x 3000 pixels; sensor size: 125 
7.6 x 5.7 mm) operating a CHDK firmware modification. 126 
Pairing B: The more stable HBS Skywalker 100KM Long Range Fix Wings drone (Skywalker 2013 127 
body 1880mm; hobbyking.com) fitted with a Sony RX100M2 (resolution: 5472 x 3648 pixels; sensor 128 
size: 13.2 x 8.8 mm). Both were equipped with an autopilot system based on the ‘ArduPilot Mega’ 129 
(APM), which includes a computer processor, GPS, data logger, pressure and temperature sensor, 130 
airspeed sensor, triple-axis gyro, and accelerometer. Cameras were triggered automatically based on 131 
a predefined flight plan to produce at least 60% front- and side-overlap among images. Missions were 132 
planned using the open-source software APM Mission Planner (http://planner.ardupilot.com/) on a 133 
standard Windows-based laptop. Once we completed the missions, we geotagged the images from 134 
the Sony camera using the same software. Geotagging was not necessary for the Canon images as the 135 
camera was GPS equipped.  136 
 137 
Figure 3. Types of drone/camera pairing deployed: (a) Pairing A; (b) Pairing B. 138 
Drones performed two types of missions: straight line transects and grid missions (Figure 4).  139 
Line transects: Straight line missions covering areas within ground plots at an average altitude of 140 
90m above ground level (AGL). We investigated aerial images obtained during these missions for the 141 
presence of chimpanzee nest.  142 
Grid missions: Grid pattern missions flown at an average altitude of 120m above ground level with 143 
extensive overlap (>60%) between flight legs to allow for the creation of orthomosaics. We produced 144 
orthomosaics using the geotagged images in Pix4D mapper (https://pix4d.com, version 4.0.25). 145 
Although ground control points (GCPs) were set up in each area for both years, GCPs from 2015 146 
could not be localized on the aerial images. Resulting accuracy of the orthomosaics was that of the 147 
Canon S100 camera GPS (average accuracy of 5m).  Improved GCPs were set up in 2016 allowing a 148 
georeferencing accuracy within a meter. We used the orthomosaics for subsequent spatial relocation 149 
of aerial observations made while interpreting the photos from the nest counting missions. 150 
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 151 
Figure 4. Types of mission flown: (a) Line transect; (b) Grid mission.  152 
2.4. Nest detection 153 
One observer (NB) examined the 1227 images resulting from the transect missions falling within 154 
the plots. Images were imported into the WiMUAS software [53] and investigated for the presence of 155 
nest. Aerial observation location was subsequently exported to a georeferenced shapefile. Because 156 
the resulting file was accurate to within 50 m, each aerial observation was relocated using the 157 
orthomosaics. Due to the 15 m inaccuracy of the 2015 ground data, a buffer of 15 m was created 158 
around each nest and if an aerial observation was recorded within this 15 m radius that was 159 
considered an aerial nest detection. 160 
2.5. Analyses 161 
All statistical analyses were conducted in R studio (version 1.0.136). 162 
2.5.1. Performance of the aerial detection 163 
We calculated recall and false alarm rates to estimate the performance of nest detection using 164 
drone imagery [54]. Recall is the percentage of successful detection (i.e. the proportion of nests 165 
observed from the ground detected during the aerial survey in relation to the total number of nests 166 
observed from the ground). False alarm rate is the proportion of false detections (the number of aerial 167 
observations not aligning with nests found from the ground by the total number aerial observations). 168 
Because the data were not normally distributed, we used non-parametric statistics. A Wilcoxon-169 
signed rank test was applied to compare the number of nests per plot found on the ground and on 170 
the aerial drone survey. We further ran a Spearman rank correlation to test for associations between 171 
the number of nests per plot across the two survey methods. 172 
2.5.2. Factors influencing the detectability 173 
We used three generalized linear models with a binomial error structure and logit-link function 174 
to evaluate which factors (drone/camera pairing, season, vegetation type, nest age, nest height and 175 
flight altitude above ground level (AGL)) influenced the recall rate and the false alarm rate. The 176 
models were fitted using the GLM function from the lme4 package [55]. We fitted all terms of interest 177 
and tested significance via likelihood ratio tests to determine which factors resulted in a significant 178 
reduction in explanatory power when removed [56].   179 
Factors influencing the recall rate: For the first model, the recall rate was fitted following the method 180 
from Lopez-Bao [57]. The number of nest detection successes vs. number of failures by plot (modelled 181 
as 1=success and 0=failure) was fitted as the dependent variable. Drone/camera pairing (Pairing A or 182 
Pairing B), season (May 2015 or September 2016) and vegetation type (open or closed) were each 183 
fitted as two-level fixed effects. As it was not possible to test the influence of all variables in this 184 
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model (e.g. nest color and nest height required a perfect individual nest match between ground and 185 
aerial survey), we fitted a second model. This second model included only the data from the 2016 186 
survey, for which aerial observations could be more accurately matched to individual nests found on 187 
the ground. We fitted nest detection event (not detected = 0, detected = 1) as dependent variable. 188 
Vegetation type (open vs. closed) and nest color (green or brown) were each fitted as two-level fixed 189 
effect and flight altitude AGL and nest height were fitted as covariates. We determined flight altitude 190 
AGL by subtracting the elevation (extracted from a SRTM layer – 30m resolution; 191 
http://earthexplorer.usgs.gov) from the flight altitude above mean sea level (extracted from the 192 
geotagged images) at each recorded nest location. 193 
Factors influencing the false alarm rate: In the last model, the false detection event (true detection = 194 
0, false detection = 1) was fitted as dependent variable. Drone/camera pairing (Pairing A or Pairing 195 
B), season (May 2015 or September 2016) and vegetation type (open or closed) were each fitted as 196 
two-level fixed effects and flight altitude AGL was fitted as covariate. 197 
3. Results 198 
3.1.  Performance of the aerial detection 199 
Considering both survey seasons (May 2015 and September 2016) and results from both 200 
drone/camera pairing (pairing A and pairing B), we documented 667 chimpanzee nests from the 201 
ground and 112 from aerial observations (Figure 5). Of these aerial observations, 64 fell within the 15 202 
m radius of a nest that had been spotted from the ground and were considered as nests, representing 203 
9.6% recall rate and 42.8% false alarm rate. Although the image analysis resulted in significantly 204 
fewer nest records per plot compared to what the ground teams documented (Wilcoxon- signed rank 205 
test: v =981; P < 0.001; n = 47), the number of nests detected from aerial survey imagery showed a 206 
significantly positive correlation with those recorded on the ground per plot (Spearman’s ρ = 0.53; P 207 
< 0.001, n = 47). 208 
 209 
  210 
Figure 5. Examples of images of chimpanzee nests: captured during drone surveys (a & b) and 
observed from the ground (c & d). 
(a) (b) 
(c) 
(d) 
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3.2.  Factors influencing the detectability 211 
3.2.1. Factors influencing the recall rate 212 
Our first model included drone/camera pairing, season and vegetation type. From these 213 
variables, only drone/camera pairing significantly influenced the recall rate (likelihood ratio test: X2 214 
= -10.96, P<0.001), with a highest probability of nest detection with the Pairing B (12.81% probability) 215 
(Figure 6). There was no significant difference in recall rate between open and closed vegetation types 216 
(likelihood ratio test: X2 = 93.1, df = 41, P = 0.747) or between the beginning and end of the dry season 217 
(likelihood ratio test: X2 = 93, df = 43, P = 0.551) (Table 1). 218 
 219 
Figure 6. Effect of drone/camera pairing on the recall rate. Error bars represent 95% confidence 220 
intervals for predicted probabilities. 221 
Table 1. Outcomes of GLM to investigate the effect of drone/camera pairing, season and vegetation 222 
on recall rate. 223 
 Predictors 
LRT   Parameter estimate 
χ2 P value   Estimate Std. E. z value Pr(>|z|) 
(Intercept)       -2.96 0.59 -5.01 5.66e-07 
Drone/camera pairing (Pairing A) 10.96 0.004**           
Pairing B   1.43 0.57 -2.49 0.013 * 
Vegetation (closed) 0.89 0.828           
Open     0.3 0.84 0.37 0.722 
Season (May 2015) 0.40 0.818           
Sep-16   -0.35 0.78 -0.45 0.651 
Drone/camera pairing: Vegetation 0.55 0.457           
Pairing A: Open vegetation   0.57 0.76 0.74 0.458 
Vegetation: Season 7.29 0.993           
Open vegetation: Sept 2016   0.01 1 0.01 0.993 
The P value for each term is based on the chi-squared test (likelihood ratio test (LRT)) for change in deviance 224 
when comparing models with or without that term. Parameter estimates are reported for all terms in the full 225 
model. 226 
 227 
Our second model (for 2016 data only) included flight altitude, nest height and vegetation type. 228 
We decided to remove nest color from our second model as from the 337 nests recorded by the ground 229 
survey team in 2016, only one was green. Recall rate differed significantly across flight altitude AGL 230 
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(likelihood ratio test: X2 = 4.35, P<0.05), with nests more likely to be detected when flying at a lower 231 
altitude (19.58% probability) (Figure 7). We found a trend towards higher detectability in closed 232 
rather than open vegetation (likelihood ratio test: X2 = 2.79, P<0.1) (Table 2). There was no significant 233 
difference in nest detection depending on nest height within the tree (likelihood ratio test: X2 = 0.07, 234 
P=0.789). 235 
 236 
Figure 7. Effect of the flight altitude (AGL) on the recall rate. Grey ribbon represent 95% confidence 237 
intervals for predicted probabilities. 238 
Table 2. Outcomes of GLM to investigate the effect of altitude, vegetation type and nest height onthe 239 
recall rate. 240 
 Predictors 
LRT   Parameter estimate 
χ2 P value   Estimate Std. E. z value Pr(>|z|) 
(Intercept)    -1.53 0.28 -5.45 4.98e-08 
Flight altitude AGL 4.35 0.037*  -0.47 0.25 -1.90 0.057. 
Vegetation (closed) 2.79 0.094.      
Open  -0.68 0.40 -1.70 0.089. 
Nest height 0.07 0.789  0.04 0.17 0.27 0.789 
The P value for each term is based on the chi-squared test (likelihood ratio test (LRT)) for change in deviance when 241 
comparing models with or without that term. Parameter estimates are reported for all terms in the full model. 242 
3.2.1. Factors influencing the false alarm rate 243 
For this model, we investigated the influence of drone/camera pairing, season, vegetation type 244 
and flight altitude AGL on the false alarm rate. Drone/camera pairing, vegetation type and flight 245 
altitude AGL significantly influenced the false alarm rate (Table 3). Aerial observations from Pairing 246 
A were more likely to be false positives (0.83% probability). Overall false alarm rate was higher in 247 
closed vegetation than in open vegetation but significantly differed between seasons (likelihood ratio 248 
test: X2 = 4.01, P<0.05). Aerial observations made at the beginning of the dry season (May 2015) were 249 
more likely to be false positives when recorded in open vegetation (0.94% probability opposed to 250 
0.19% probability on closed vegetation). False alarm rate significantly increased at lower altitude 251 
(likelihood ratio test: X2 = 9.55, P<0.05) (Figure 8).  252 
 253 
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 254 
Figure 8. Effect of (a) drone/camera pairing, (b) vegetation type within season and (c) flight 255 
altitude AGL on the false alarm rate. Error bars and grey ribbon represent 95% confidence 256 
intervals for predicted probabilities. 257 
 258 
Table 3. Outcomes of GLM to investigate the effect of drone/camera pairing, season, 259 
vegetation type and flight altitude AGL on the false alarm rate. 260 
 Predictors 
LRT   Parameter estimate 
χ2 P value   Estimate Std. E. z value Pr(>|z|) 
(Intercept)       -3.03 1.19 -2.54 0.011 * 
Drone/camera pairing (Pairing A) 14.14 1.17e--4 ***           
Pairing B   3.69 1.08 3.40 6.73e-4 *** 
Vegetation (closed) 23.23 1.44e-6 ***           
Open     5.72 1.99 2.87 0.004 ** 
Season (May 2015) 0.04 0.834           
Sep-16   2.86 1.16 2.47 0.013 * 
Flight altitude AGL 9.55 0.002 **  2.01 0.90 2.24 0.025 * 
Drone/camera pairing: Vegetation 0.05 0.824           
Pairing A: Open vegetation   -3.72 1.56 -2.38 0.017 * 
(b) 
(c) 
(a) 
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Season: Vegetation 4.01 0.045 *           
Sept 2016: Open vegetation   -7.27 1.83 -3.98 6.83e-5 *** 
Vegetation: Flight altitude AGL 0.37 0.542      
Open vegetation: Flight altitude AGL     -5.98 1.63 -3.67 2.40e-4 *** 
        
The P value for each term is based on the chi-squared test (likelihood ratio test (LRT)) for change in deviance when 261 
comparing models with or without that term. Parameter estimates are reported for all terms in the full model. 262 
 263 
4. Discussion 264 
We investigated the feasibility of using drones to detect chimpanzee nests in the Issa Valley, 265 
western Tanzania, and evaluated the influence of image resolution, seasonality, vegetation type, nest 266 
height and color on nest detectability. An average of 10% of the nests observed from the ground were 267 
detected from the air, with improved nest detection in imagery with higher spatial resolution. Our 268 
overall detection rate was lower than those previously reported for chimpanzee nests in Gabon 269 
(39.9%) [46] and orangutan nests in Indonesia (17.4%) [45]. This discrepancy is likely due to 270 
methodological differences and our systematic approach. In their study, van Andel et al. [46] used 271 
two approaches that biased probability of detection. In the first, they collected nest data first via 272 
ground surveys and then used the location of the recorded nests to confirm their presence in drone 273 
images. In the second, nests were first detected on drone images and then confirmed on the ground 274 
using the location of the aerial observations. These methods effectively demonstrated that it was 275 
indeed possible to detect chimpanzee nests from drones, although these specific approaches resulted 276 
in an increased probability of detecting a nest in the drone images for the first approach and on the 277 
ground for the second approach. Wich et al. [45] used a buffer of 25m around nests recorded on the 278 
ground to select which nest detected from the air would be included in the analyses, comparing the 279 
relative density of nests from the aerial and ground-based surveys. The smaller 15m buffer used in 280 
our study could be associated with our smaller detection rate, i.e. we were more conservative with 281 
what constituted a match. Moreover, aerial nest surveys may be more efficient for orangutan nests as 282 
they tend to build nest higher in the tree canopy and visual contrasts of nest materials and canopy 283 
color are seemingly more apparent in these habitats [58,59].  284 
From the factors hypothesized to influence the probability of chimpanzee nest detection on 285 
drone-derived aerial imagery, only image resolution was identified as having a significant influence 286 
on the recall rate, with higher probability of nest detection associated with the higher-resolution 287 
camera and at lower flight altitude AGL. This finding is consistent with that of [39], who also found 288 
that the targets (i.e. rhinoceros, people acting as poachers) were better detected with a lower-flying 289 
drone. Our results are also consistent with those of [49], who reported a significant negative relation 290 
between ground sampling distance (GSD) and correct waterbird identification with a minimum of 291 
5mm GSD. In our study, we favored flight altitude AGL above GSD as a measure of resolution 292 
because of identical camera parameters, however, the two are conceptually interchangeable. We 293 
obtained the highest probability of nest detection at the lowest possible flight altitude AGL: 65m, 294 
corresponding to 1,4cm GSD. Flying at lower altitude would have threatened drone safety. These 295 
findings reflect the inherent trade-offs between monitoring at high spatial resolution (grain) versus 296 
across broad spatial extents, as ground sampling distance (GSD) and ground sampling area (GSA) 297 
scale inversely with one another.  This highlights the importance of a priori identification of 298 
minimum GSD required to detect ground targets from the air during the survey design period, 299 
particularly if planning for extensive area surveys where the balance between GSD and GSA should 300 
be optimized.  301 
Contrary to expectations, we did not find a significant influence of nest height on aerial nest 302 
detection. Nests constructed higher in trees are expected to be more visible from the air, however, the 303 
visibility also depends on the height of the tree (i.e. a nest at 15m will be more visible in a tree of 15m 304 
height than in a tree of 20m). Inclusion of tree height into models will be important in subsequent 305 
analyses. 306 
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Another surprising result of our study was the lack of influence of canopy cover and vegetation 307 
type, with no significant differences between the probability of nest detection in the leaf-off season 308 
and the “greener season” as well as between the more open, miombo-woodland vegetation and the 309 
closed, riverine forest. Even more surprising, the probability of nest detection tended to be higher in 310 
closed rather than in open vegetation. This finding contradicts numerous other studies that 311 
demonstrated a significant improvement of target detection from drone imagery in more open 312 
habitats (e.g. [29,39,46,50,60]). A possible explanation for this might be the difficulty of detecting 313 
brown nests against a similarly colored background, in this case the less continuous and more earth-314 
toned colors of the Miombo woodland and grassland mosaic. Light body color has been 315 
demonstrated to negatively influence animal detection during aerial survey in a conservation area of 316 
northern Tanzania (e.g. dark Ostrich (Struthio camelus) better detected than light Grant’s gazelle 317 
(Nanger granti)) [29]. Results from [61] further support the importance of contrast in target detection. 318 
In their investigation into the use drones for surveying flocks of geese they reported a poor detection 319 
of low-contrast Canada Geese (Branta canadensis) but a good aerial survey performance for the high-320 
contrast Snow Geese (Chen caerulescens) resulting in more efficient aerial count compared to ground 321 
count (60% higher). We were unable to test the role of contrast in our study due to an insufficient 322 
sample of recent (green) nests. 323 
Findings from the analysis of the factors influencing false alarm rate support this hypothesis. 324 
Different vegetation types significantly affected the false alarm rate depending on season. The false 325 
alarm rate was higher in miombo woodland during the beginning of the dry season. The canopy 326 
cover in miombo woodland is much higher during this period than at the end of the dry season. At 327 
the beginning of the dry season, the miombo woodland reflects a mosaic of green leaves and brown 328 
understory leading to potential misinterpretation of aerial data. At the end of the dry season, 329 
however, reflection is mostly from the brown understory making nest detection more difficult but 330 
more accurately interpreted. As only Paring A was flown in both seasons, we acknowledge that 331 
technological factors may play a role in these seasonal effects, however we strongly believe future 332 
studies will benefit by considering and further exploring the effects of seasonal canopy differences 333 
on nest detection. 334 
Limitations on the use of drones for surveying chimpanzees are threefold. Firstly, only a small 335 
proportion of chimpanzee nests are detectable from the air. Most chimpanzee nests are built within 336 
the middle of the tree crown [62] making them undetectable above the tree canopy [46]. Chimpanzees 337 
also exhibit ground night nesting [63] which would also be difficult to detect from aerial surveys. 338 
Secondly, the high proportion of false alarm rate highlighted in this study is problematic. False alarm 339 
rate is an important parameter that must be taken into consideration when assessing new wildlife 340 
survey method as it may lead to an overestimation of the population density [29]. However, false 341 
alarm rate has not been described in previous studies investigating the use of drones to detect great 342 
apes nest, In this study, we reported 42.8% false alarm rate. These aerial observations, for which the 343 
location did not align with any of the nest spotted from the ground, can be explained in two ways: 1) 344 
These could be nests visible from the air, but not the ground, as would be the case of nests high in 345 
the canopy that might be obscured from ground teams by the mid-canopy. van Schaik et al. [64] noted 346 
that nests can go undetected during ground surveys, resulting in an underestimation of ape densities. 347 
2) Alternatively, false positives could represent dead leaves or canopy gaps revealing the brown 348 
understory that was mistaken for nests. This uncertainty represents an important problem in the 349 
deployment of drones to assess chimpanzee presence/density, especially in a new area where little 350 
information is available. We argue here that whilst aerial imagery offers an improvement in spatial 351 
coverage and data collection time and frequency, this approach still requires complimentary 352 
validation from ground surveys. Finally, the time associated with analyzing thousands of images to 353 
identify nests represent an additional key limitation of using drones in this context.  354 
The limitations we discuss above are meaningful but not prohibitive, and findings from our 355 
study provide guidance for future investigation on the use of drones for ape population surveys. 356 
Firstly, it is important to generate high spatial resolution images, lower GSD providing greater details 357 
significantly increasing the probability of nest detection. For our survey, we decided to use fixed 358 
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wing drone models allowing longer flights that can cover larger areas. Because of the mountainous 359 
terrain, flying at lower altitude was not possible. Most chimpanzees do not live across mountainous 360 
terrain, therefore this problem would not affect large parts of their range. Multirotor drones have 361 
smaller flight time capacities but can fly at lower altitudes [70]. This technology is improving rapidly 362 
(e.g. drone design optimization allowing longer flight time [71,72]), which could make multirotors a 363 
viable option in the future. Meanwhile, camera resolution is improving which will allow future 364 
studies to obtain higher resolution images from fixed wing surveys. Reliable detection also requires 365 
high contrast background. During both our survey seasons, the brown understory made nest 366 
identification difficult. We therefore recommend conducting future surveys during seasons with 367 
green vegetation on the ground to contrast otherwise brown nests. We acknowledge that this context 368 
might reduce the probability of detecting fresh green nests, however, given their low abundance, 369 
their non-detectability is less likely to impact chimpanzee density estimation. Multispectral sensors 370 
may help address this problem. Widely used for landcover classification and vegetation monitoring 371 
[73–78] this technology uses green, red, red-edge and near infrared wavebands to capture detail not 372 
available to standard RGB cameras. Green vegetation materials being characterized by high 373 
reflectance in the NIR domain (outside of the spectral range of human vision), multispectral camera 374 
can provide useful contrast to discriminate between live and dead vegetation. Furthermore, it would 375 
be interesting to assess the potential of oblique aerial images. This perspective may offer better 376 
glimpses through foliage and more intuitively interpretable representations of the targets. Another 377 
step would be to assess the potential of 3D mapping of the canopy surface for nest detection. 3D 378 
models can now be created using point clouds from drone imagery [79] providing better perspectives 379 
for visual interpretation of the data. Another complimentary approach would be to use Light 380 
Detection and Ranging (LiDAR) technology. Recently developed at sizes suitable for drone payloads 381 
[80], this remote sensing technique offers new insights beyond simple top of canopy structure that 382 
may help nest detectability algorithms. For example, these technologies could be used to better 383 
establish habitat characteristics of trees holding nests. These data could be used in computer vision 384 
algorithms [65–68] to refine automatic nest detection, possibly reducing the false alarm rate. A recent 385 
study on using a drone to detect eagle nests have reported 75% nest detection using a semi-automated 386 
method [69]. Similar to the difficulties encountered with chimpanzee nest detection, eagle nests are 387 
found in highly heterogeneous environment with many features that resemble nests, at small scale 388 
(~1–2 m) and with variable nest size, shape and context. This result is promising for broader nest 389 
detection applications, including those of great apes. 390 
 391 
Given the shy and elusive nature of great apes, direct surveys are rarely feasible. Researchers 392 
thus must rely on indirect signs to estimate population density. However, to convert nest counts into 393 
ape density, nest decay rate and nest production rate are required. These factors are highly dependent 394 
on apes species and environment characteristics, and therefore require extensive study [26]. Recent 395 
studies have now shown the potential of thermal cameras mounted on drones for animal detection 396 
[39,65,81]. However, this approach would require extensive spatial coverage and further research is 397 
required to assess whether apes could be detected using a thermal camera mounted on a drone. 398 
5. Conclusions 399 
The design and execution of great ape surveys are crucial for allocating conservation efforts to 400 
where they are most needed, but face many logistical challenges, particularly when they must be 401 
implemented across broad areas. Drone surveys could be a revolutionary method allowing rapid and 402 
frequent monitoring in remote and poorly understood areas, with data accessible immediately and 403 
containing a rich variety of information about habitat and other conservation revelation conditions. 404 
The limitations we discuss above are meaningful but not prohibitive, and the rapid pace of 405 
technological improvement suggests many promising solutions in a near future. Assessing the 406 
potential of drones to detect chimpanzee nests has major implications, not only for chimpanzee 407 
monitoring across Tanzania, but also for all great apes monitoring. This technology could be applied 408 
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to survey extensive areas filling problematic gaps in our current understanding of ape distribution 409 
and abundance [82], providing key information for conservationists. 410 
 411 
Supplementary Materials: The following are available online at www.mdpi.com/link, Figure S1: 412 
Locations of nests observed from the ground, Figure S2: Aerial observations (true positives and false 413 
positives) recorded from drone surveys. 414 
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